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Abstract—To discriminate the ship targets in SAR images, this paper proposed the method based on combination of
Hu moment feature and texture feature. Firstly,7 Hu moment features should be extracted, while gray level
co-occurrence matrix is then used to extract the features of mean, variance, uniformity, energy, entropy, inertia
moment, correlation and differences. Finally the k-neighbour classifier was used to analysis the 15 dimensional
feature vectors. The experimental results show that the method of this paper has a good effect.

1 Introduction
Marine environmental monitoring has become the
common concern for all countries in the world [1].Ships
are the main tools to develop Marine, so how to
effectively get the ship information is becoming a hot
spot of current research. Automatic target recognition
(ATR) system can extract information of ship targets in
SAR image, mainly includes three phases: detection,
discrimination and classification [2]. The detection phase
can remove the region that can't be the target area, while
discrimination phase can remove natural clutter and
artificial clutter false alarm, the classification phase is to
classify ship target recognition. Target discrimination is
the intermediate link of the ATR system and the basis of
ship target classification [3].

Feature extraction is the foundation of SAR images of
ship target identification [4,5]. In the late 1980s, Burl and
Novak firstly put forward by using texture feature for
SAR image target discrimination in Lincoln laboratory, in
the next 30 years, scholars from all over the world had
made many achievements in the discrimination of feature
extraction [6]. Hu invariant moments features can reflect
the global features of the image because of rotation,
scaling and translation invariance, but it can’t descript the
details of the image effectively, and the recognition rate
was be influenced. Gray level co-occurrence matrix
describes the image gray level of the internal texture
structure through the study of spatial correlation
characteristics, which has strong adaptability and
robustness [7]. Combining with 7 Hu invariant moments
features and 8 texture feature extraction to form the
feature vector 15d, and k-neighbor classifier are classified,
and separately adopt the Hu invariant moment features
and texture features of the classification results are

compared, the results show that this algorithm can
effectively improve the accuracy of classification [8,9].

2 Feature Extraction of Discrimination
2.1 Hu Moment Feature Extraction

Geometric moment was put forward by M.K.Hu in 1962,
it provided theory basis for the choice of target torque
characteristics of images because of translation, rotation
and scaling invariance [10].

For the gray level distribution of 1 ( , )f x y , the
( )p q moment is defined as:

( , )p q
pqm x y f x y dxdy   , 0,1,2,p q   (1)

( )p q central moment is defined as:

0 0( ) ( ) ( , )p q
pq x x y y f x y dxdy     (2)

The centroid 0 0( , )x y is:
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In the discrete state, the ( )p q ordinary moment and
central moment of ( , )f x y is as follows:
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As the image changes, pqm also changes and pq has
translational invariance.

The normalized central moment is:
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Hu constructed seven moment invariants by using the
second order and third order central moments, they can
keep unchanged translation, scaling and rotation under
the condition of the continuous image, the definitions are:
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So the target subspace is 1 2 3 4 5 6 7[ , , , , , , , ]V I I I I I I I .

2.2 Texture Feature Extraction based on Gray
Level Co-occurrence Matrix

SAR image contains abundant texture information.
Texture feature extraction method based on gray level
co-occurrence matrix is a classic method which can
describe the randomness and texture details well and it
has the characteristics of strong adaptability [11].

As shown in figure 1, gray level co-occurrence matrix
calculated the probability of pixel ( , )i j at a distance
ofd on the direction of :

ijdp p  ( , 0,1, 2, , 1)i j l  (14)
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Figure 1 Gray Level Co-Occurrence Matrix Principle Diagram

ijdp  is the number of pixels to appear which gray
is i and j ata distance of d on the direction of ; l is the
image gray-scale series.

The angle can do the following provisions:
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Although gray level co-occurrence matrix can reveal
the texture rule of images, but it cannot directly be a
digital feature of image classification. Therefore it is
necessary to define some obvious physical meaning
statistics based on gray level co-occurrence matrix that
can describe the thickness and direction of the texture.
This paper extracted eight texture characteristics that are
mean, variance, uniformity, energy, entropy, inertia
moment, correlation and differences [12].

(1) Mean

0 0

1
m n

ijd
i j

M mn p 
 

  (16)

,m n are rows and columns of the gray level
co-occurrence matrix

(2)Variance
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ijdp  is the normalized value of ijdp  .

(3) Uniformity
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Uniformity can measure local homogeneity, if the
local uniform, the value is larger; otherwise, the value is
smaller.

(4) Energy
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Energy also calls the angular second moment, it
reflects the image grayscale distribution uniformity.
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When angular second moment is large and texture is
rough, energy is large; conversely, texture is thin, energy
is small.

(5) Entropy
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Entropy is associated with the density of texture. If the
image is full of fine texture, the entropy is largest; if the
texture is less, the entropy is smaller.

(6) Inertia moment
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This parameter represents the distance of the larger
elements from the extent of the principal diagonal, if
texture is rough, the inertia moment is small, and
otherwise, the inertia moment is large.

(7) Correlation
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with 2 2
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Correlation is used to measure the similarity degree of
gray level co-occurrence matrix elements on the row or
column direction. When the matrix element values are
equal, the value is big; On the contrary, the value is small.

(8) Differences
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Differences can describe the difference of gray scale
image pixels, the greater the difference, the easier to
identify.

3 Classification Method
Classification algorithm flow chart is shown in figure 2.

Figure 2Algorithm Process

K-neighbor classifier is a mature method in theory.
The idea of the method is: to a sample in the space, if
most of the sample in the k most similar sample belongs
to a category, then the sample also belongs to this
category.

First the sample of the SAR image should be
preprocessed, while the binary images would be got. Then
we extract the seven invariant moment feature and eight
texture features and get a set of 15 dimensional feature
vectors. Therefore every image can be represented by the
feature vector of the 15 d and we would get an n×15
dimensional feature vector database. Lastly we will put
the database into k-neighbor classifier and calculate the
classification accuracy.

4 Result of the Experiment and Analysis
The experimental data is taken from the C band
RADARSAT-2 satellite. The resolution of image is 3m.
Ship target and clutter images are cut into 60 samples of
100×100 pixel size, Put the image samples into
morphology filter and get the binary image.

(A) Target Image

(B) Clutter Image

Figure 3 Image Samples of Thesar Image

(A) Target Binary Image

(B) Clutter Binary Image

Figure 4 Target And Clutter Binary Image

This section selected 60 target samples and 60 clutter
samples. 50% of the samples are as the training sample
and 50% as the test samples. According to the Hu
invariant moment features and gray level co-occurrence
we get the 60×15dtarget sample data and 60×15d clutter
sample data. Put the data into k-neighbor classifier for
training and testing to get the identification results, and
then separate with the results of the Hu invariant moment
features and texture features. In this paper, we set k=3.
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Table 1 Classification Results

classification
feature Hu moment feature Texture feature Feature of this paper

True number of
target classification 26 29 30

False number of
target classification 4 1 0

True number of
clutter classification 25 28 29

False number of
clutter classification 5 2 1

True number of
clutter classification 51 57 59

False number of
clutter classification 9 3 1

Accuracy 85% 95% 98.3%

By comparing test results above, we can get that the
classification accuracy of using Hu moment feature alone
to discriminate is 85%, because although Hu moment can
reflect the global features of the image, it cannot describe
the detail of the image well. So that caused the image
description is not complete and classification accuracy is
relatively low. Gray level co-occurrence matrix was used
to extract texture structure, which has strong adaptability
and robustness. Its classification effect is better;
Combining Hu moment features and texture features can
describe the image completely and the classification
effect is remarkable.

5 Conclusion
This paper proposed a ship targets discrimination
algorithm in SAR images based on Hu moment feature
and texture feature. Hu moment feature reflects the shape
information of the image and texture reflects all sorts of
objective information of the image. Combining the Hu
invariant moment features and the texture features
extracted by gray level co-occurrence matrix, then put the
data into k-neighbor classifier to discriminate. The
experimental results show that this algorithm can
effectively improve the classification accuracy and
classification effect.
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